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Abstract
Emotion-weather maps are a type of thematic map used to represent emotions. The maps represent spatial distributions of complex
emotions from a large group of people. Most related work focuses on a simple sentiment and draws its distributions on a map. The
proposed emotion-weather maps are a set of eight maps, each of which represents one of eight categories of emotions. Emotion
data are extracted from social media. The data have some biases in some aspect of time, space, and categories of emotions. Such
biases restrict the observation of relatively few emotions. To address this problem, a method to normalize data is proposed. As a
use case, two sets of maps are presented. These maps represent the distribution of emotions in an actual day. An earthquake on
that day caused fear and surprise in a region of Japan. The maps show the emotion distributions and changes.
c© 2015 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.
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1. Introduction
The spread of social media has allowed people to send messages. A signiﬁcant amount of people communicates
their opinions and emotions daily. Consequently, social media have been recognized as the media for collecting the
opinions of large groups of people. Replacing large-scale marketing research with the use of social media is currently
being challenged.
The purpose of our research is to help grasp the spatio-temporal distribution of the emotions of a large number of
people. There are three issues to be addressed for this purpose:
1. How do we collect the emotions of a large number of people?
2. How do we process the data that express such emotions?
3. How do we represent the emotions expressed as data?
In this paper, we focus on questions 2 and 3. There have been various research activities for collecting emotions. We
believe that we can use the results of such activities in the near future. On the other hand, even if computers can collect
emotions in adequate ways, we require greater eﬀort to make computers interpret the spatio-temporal distribution of
emotions and the interactions among emotions. Therefore, we attempt to visualize the collected emotions in order to
utilize the capabilities of human visual perception.
∗ Corresponding author.1877-0509 c© 2015 The Authors. Published by Elsevier B.V.
Peer-review under responsibility of KES International.
 2015 The Authors. Published by Elsevi r B.V. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of KES International
293 Kazuo Misue and Kiyohisa Taguchi /  Procedia Computer Science  60 ( 2015 )  292 – 301 
We consider a way for representing the spatio-temporal distribution of emotions as a thematic map, which is a map
that shows a theme related to a geographic area. For example, thematic maps are used to represent the population
of each area, traﬃc volume of each road, and so on. Some researchers have drawn thematic maps that represent
emotions. Most treat emotions as one-dimensional values, such as unpleasant/pleasant, positive/negative, joy/sadness,
and so on. However, our natural emotions are much more complex and diverse and cannot be expressed through
one-dimensional values.
We developed a thematic map that represents emotions expressed as multivariate, and we call it, the “emotion-
weather map.” Our contributions are as follows:
• On the process of data that express emotions, we propose a way for eliminating data biases in order to reveal
minor features.
• To represent the spatial strength of emotions, we developed a method for drawing ﬁgures such as isobaric lines
on a map.
• We developed emotion-weather maps using actual data, and show certain possibilities for obtaining knowledge
from such data.
2. Related Work
Many studies on opinion mining treat emotions as a binary or scalar value: positive/negative or a value in the
range [−1, 1]. However, natural emotions are not simple. Some researchers attempted to classify emotions into
multidimensional values. Izard enumerated ten fundamental emotions by classifying facial expressions3. Plutchik
presented a three-dimensional circumplex model to describe the relationship among emotion concepts7. The model
is similar to a color wheel and includes eight primary emotions.
Some researchers challenge the extraction of emotions from various sources. Nasukawa et al. developed methods
for determining opinions for products using the techniques of natural language processing (NLP)4. Neviarouskaya et
al. proposed a method for extracting multidimensional emotions based on Izard’s classiﬁcation5.
Hao et al. challenged making a thematic map for visual sentiment analysis1. They collected opinions with geotags
for target products from Twitter. Then, they classiﬁed such opinions into positive, neutral, and negative, and assigned
them the colors green, gray, and red, respectively. Furthermore, Hao et al. plotted marks that represent the opinions
on a map. Shook et al. extracted emotions with geotags from Wikipedia, and then represented them on a map9. They
assigned blue to joy and red to sadness, and used the gradation from blue to red via white to express emotional degrees.
Schwartz et al. drew a thematic map that represents life satisfaction in the US8. They estimated such satisfaction from
tweets with geotags, and used gradation from green to red via greenish-yellow.
3. Preliminary Investigation
We made a prototype of the thematic map of emotions before developing emotion-weather maps.
3.1. First Challenge
For our ﬁrst challenge, we collected the emotions of the members of a laboratory to which the authors belong, and
then represented them visually. We describe the ﬁrst challenge in this subsection.
We categorized emotions using Japanese WordNet2, a lexical database. We chose forty-ﬁve concepts, whose
hypernym is “emotion” in Japanese, as the emotion categories.
We used Twitter as the social media from which to collect the emotion data. We collected approximately 5,000
tweets from 67 members of our laboratory in 17 days. Approximately 500 tweets (10%) from the 5,000 have some
words related to emotions. We converted every tweet with one or more emotional words into a triple of (timestamp,
user ID, category of emotion), and then visualized the data on a simple grid, where user IDs are arranged vertically
and the date and time horizontally. On the grid, each emotion is represented as a rectangular mark with a color that
represents an emotion category, to which a unique hue is assigned. We determined forty-ﬁve unique hues by dividing
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the hue ring of the hue, saturation, value (HSV) color space. Each assignment has no special meaning, and tweets
without emotional words are represented as white.
We believe that using Twitter as a source of emotion data is valid. The frequency with which emotional words are
written varies based on individuals. Therefore, the tweets of 67 people are not suﬃcient for observing the spatiotem-
poral distribution of emotions. The classiﬁcation of emotions into forty-ﬁve categories and their treatment as being
independent from each other is not adequate. We believe that our natural emotions are complex and diverse, but we
should harmonize them.
3.2. Data Collection
For our second challenge, we also used Twitter as our target media. However, we did not limit the tweets to those
made by the members of our laboratory. Rather, we collected tweets written in Japanese with geotags in Japan using
the Twitter Streaming API. The data collected include tweet sentences, timestamp, and latitude and longitude.
With regard to the emotion categories, we adopted the eight primary emotions proposed by Plutchik7, who ex-
plained that all emotions are mixtures of the primary emotions of joy, trust, fear, surprise, sadness, disgust, anger,
and anticipation. Plutchik also described the structural relationship of emotions. The eight primary emotions form a
ring, where similar emotions are adjacent to each other, and contrary emotions are placed on the opposite side. For
example, joy is placed between trust and anticipation, and on the opposite side of sadness.
We compiled a simple dictionary1 of emotional words classiﬁed into the eight primary emotions. Similar to the
ﬁrst challenge, we converted all the collected tweets into a four-tuple of (timestamp, user ID, category of emotion,
latitude and longitude).
3.3. Analysis of Collected Data
We observe the distribution of the number of tweets collected during 30 days starting June 14, 2013, from the
perspectives of time, space, and the emotion categories. Figure 1 shows a histogram of time ranges. The vertical axis
expresses tweet frequency in a time range. Such frequency includes the number of tweets without emotional words.
From the ﬁgure, we can see that there are few tweets in the morning, and many at night.
Figure 2 shows a spatial distribution of tweets 2. The area is divided into segments of one-degree squares in latitude
and longitude. Each segment includes a ﬁlled rectangle that expresses the frequency of tweets in the segment. From
the ﬁgure, we can see that there are many tweets in the metropolitan areas. In particular, we found that the frequency
of tweets in the Tokyo area is 1,830,080.
Figure 3 shows the distribution of emotions. From this pie chart, we can see much emotion bias. There are
obviously more tweets that include joy and trust than the other emotions. It is possible to believe that there are many
joyous occasions. However, it should be natural to believe that there are some biases in the distribution of tweets. We
consider three factors for the biases. The ﬁrst is a physiological factor. We categorize emotions into eight classes.
However, people do not feel every of the categorized emotions evenly. The second factor is dependency on media.
We communicate our emotions using various media, such as facial expressions, letters, email messages, social media,
and so on. However, a single medium does not express all emotions. If we use a single medium, we are aﬀected by
the medium bias. The third factor is the method used to extract emotions. We used a very simple method that cannot
recall the emotions in each category with uniform performance. Even if we improve the method, we cannot expect to
equalize the performance totally.
3.4. Visualization of Collected Data
We drew the amount of emotions in each category on a map similarly to Figure 2. We considered drawing all
eight emotion categories on a single map, but opted for drawing one map per emotion category for map readability.
1 All collected words are Japanese. Therefore, word nuances might be diﬀerent from the original words.
2 For the ﬁgures in this paper, we use geographic data with creative commons license (CC BY-NC 2.1 JP).
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Fig. 1. Tweet temporal distribution Fig. 2. Tweet spatial distribution
Anticipation (1.33%)Anger (0.50%)
Disgust (1.2%)
Sadness (1.88%)
Surprise (0.37%)
Fear (0.66%)
Trust (8.89%) Joy (15.69%)
Fig. 3. Emotional tweet ratios in each category
Eﬀectively representing eight dimensional values on an area is very diﬃcult. We provide maps for a speciﬁed time
range and a user interface (UI) to change the time ranges.
The emotion categories are expressed through color hues. Figure 4(a) shows the color scheme we use to express the
emotion categories. This scheme is adopted on the cover of a book by Plutchik6. We divide the display area into eight
(2 × 4) segments because we assume landscape-oriented displays. Figure 5 shows the map layouts. Similar emotions
are adjacent to each other horizontally, and opposite pairs of emotions are placed vertically. Figure 6(a) shows an
example of a set of maps that illustrate emotions in a 24-hour period from 00:00 (midnight) on June 14, 2013. The
area is divided into segments of one-degree squares in latitude and longitude. The emotions of joy and trust are many
and are spread in a relatively wide area. The other emotions are rare and exist only in metropolitan areas.
3.5. Data Normalization
As described in Section 3.3, we found some types of biases in the collected data. We do not see temporal biases in
Figure 6(a) because the time unit is 24 hours. If we adopt a one-hour unit, we see a diﬀerence between morning and
night.
If we want to see the emotional distributions in the morning, in rural areas, and of more emotions than joy and
trust, we need to correct the biases. To do so, we normalize the values in each of the temporal, spatial, and emotional
biases. We correct the temporal biases as follows: let the ratio of the number of tweets to the maximum number of
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(a) Coloration in our prototype (b) Coloration in emotion-weather maps
Fig. 4. Coloration
Fig. 5. Layout for eight maps
tweets in any unit time be the correction value. For example, for the data shown in Figure 1, the number between
10:00 pm and 11:00 pm is 547,082 (which is also the maximum number), and the ratio of the number between 9:00
am and 10:00 am to the maximum is 0.22 (= 199, 142/547, 082). Therefore, we allow the correction value of the
number between 9:00 am and 10:00 am to be 4.6 (= 1/0.22). Then, we obtain the normalized values by multiplying
the correction values by the number of tweets. To correct the spatial biases, we use the maximum number of tweets
in all the segments as the base. To correct the emotional biases, we count the number of tweets in every category of
emotions, and the maximum number of tweets as the base. Hereafter, we refer to the normalized or unnormalized
number of emotions as emotional scores.
We expect to observe a distribution of few emotions through normalization. Such normalization can cause some
risks in that very few tweets might be emphasized signiﬁcantly, and thus we introduce a threshold value. When the
ratio to the maximum number is less than the threshold value, we ignore the emotions. We use 1% as the threshold for
the examples in this paper. For example, if the number of tweets in a segment is less than 1% of the maximum area,
i.e., the Tokyo area, the tweets in the segment are ignored.
Figure 6(b) shows the maps that illustrate the normalized data from the perspectives of space and emotions. Com-
pared with Figure 6(a), we can see the distribution of emotions in most segments and in most emotion categories.
3.6. Consideration for Preliminary Investigation
We decreased the number of categories from forty-ﬁve to eight, and the number of colors used to represent the
categories also became eight. Decreasing the number of colors allows grasping their corresponding meaning easier
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(a) Original data
(b) Normalized data
Fig. 6. Prototype for maps that represent emotions
than using more colors. The selected eight colors seem to have diﬀerent brightness, which can be distracting when
comparing the distribution between categories. We need more consideration for selecting colors. When selecting
diﬀerent hues, these colors should be uniform in brightness.
Through analysis of the collected data, we ﬁnd some types of biases from the perspectives of time, space, and
emotion categories, and thus we normalize the data. We draw maps of both the original and normalized data. We
believe that data normalization has certain signiﬁcance because we detect remarkable diﬀerences between these two
types of maps. Normalization in each aspect inﬂuences that which the analysts want to know, and thus we should
provide the facility of normalization as some of the options.
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We map emotion scores to ﬁlled areas. Doing so allows us to clearly detect the diﬀerences between scores in
adjacent segments. On the other hand, it is diﬃcult to observe geographical continuities of the distribution of emotions
(see Figure 7(a)). Therefore, we should consider a diﬀerent method for representing the scores, which is explained in
the following section.
4. Emotion-Weather Maps
We designed and developed emotion-weather maps, a thematic map that represents emotions using the information
obtained in our preliminary investigation.
4.1. Requirements
We organized the requirements for the emotion-weather maps as follows:
1. The maps represent multidimensional emotions because it is diﬃcult to express our complex emotions in one
dimension.
2. The following information can be read from the map:
• Amount of certain emotions in a time range and segment.
• Distribution of emotions: concentrates to local area or spreads to wide area.
• Continuity of emotions: disappears in a short period or stays for a long period.
3. The map should be intuitive and easy to understand. Similar to weather maps on TV that provide information to
the population, our goal for this map is to be seen by many people. Professional analysts also prefer maps that
are easy to read.
4.2. Drawing of Emotion-Weather Maps
We collect and convert data similarly to the prototype, and allow data normalization to be an option by providing a
UI to select whether to normalize the data. The time ranges are also selected with the UI. The distribution of emotions
in a time range is drawn on a map.
4.2.1. Choice of Colors that Represent Emotions
We draw a map for each category of emotions, where each category is expressed by a color and position in the
map. For the prototype, we selected each color from the hues in the HSV color space, but for the emotion-weather
maps, we select each color from the hues in the L*a*b* color space (see Figure 4(b)). The reason for adopting the
L*a*b* color space is to express the relationship between emotions adequately and make the selected colors uniform
in brightness.
We use the colors expressed by the following equations:
L∗ = 74 (1)
a∗ = 40 × sin(−2π
8
× n) (2)
b∗ = 40 × cos(2π
8
× n) (3)
where n expresses a category of emotions: joy, trust, ..., and anticipation correspond to 0, 1, ..., and 7, respectively.
The L*a*b* color space includes those colors that ordinary displays cannot reproduce exactly. To avoid such colors,
we select adequate colors with the same brightness and distance to each other.
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Fear
(a) Representing by ﬁlled area
Fear
(b) Representing by degree of transparency
Fig. 7. Representation of emotional scores
4.2.2. Representation of Emotional Scores
We use two-dimensional metaballs to represent emotional scores. By drawing the inﬂuence of metaballs in stages,
the emotional scores are represented gradually (see Figure 7(b)). We aimed at being able to grasp spatial distribution
of emotions approximately.
4.2.3. Topic Display
If we can detect some distribution of emotions, we should want to know the topics that cause such distribution.
To display such topics, we extract the most frequent word from hashtags and nouns observed in an area with a high
emotional score. The word is added with a balloon in the center of the frequent area (see Figure 8).
Fig. 8. Topics display. Japanese word on map means “heavy rain.”
5. Use Case
We drew emotion-weather maps to conﬁrm the eﬀectiveness of our method. We selected the data from a day when
many emotions were induced. The data shown in this section were collected for a 24-hour period starting at 00:00
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(midnight) on August 4, 2013. At 12:28 pm, Japan experienced an earthquake oﬀ the Paciﬁc coast in the Miyagi
Prefecture. We collected 217,661 tweets from this day.
The collected data were segmented into one-hour units starting at 00:00 (midnight), and into one-degree squares.
We expected to see changes in the amount of emotions displayed for each emotion category. Therefore, we drew maps
with data normalized in the perspectives of space, time, and emotion categories.
Figure 9 shows emotion-weather maps for that day. Figure 9(a) shows the maps from 12:00 noon to 13:00, and
Figure 9(b) shows the maps from 13:00 to 14:00. We can see that there are many emotions of fear and surprise in the
Tohoku region (northeast region of Japan), especially in the Miyagi Prefecture in one hour starting from 12:00 noon.
From Figure 9(b), we can see that, while fear continues into the second hour (13:00 to 14:00), much of the surprise
disappears after the initial hour (i.e., after 12:00 to 13:00). The topic word “tsunami” is added at the center area of
fear. We can guess that a tsunami caused by the earthquake induced fear.
We can determine the seismic intensity of an earthquake through the announcements from a meteorological agency.
If the earthquake is big, various media, such as newspapers and TV, convey the situation of damages and the state
of the residents. However, conventional media does not necessarily convey the residents’ emotions or the changes in
their emotions. We believe that our method is eﬀective for individuals to grasp the feelings of others. Such sharing
of feelings could lead to the understanding of people’s inner thoughts and to solidarity among people. We also expect
government oﬃcials to use this method to refer to the feelings of the population for better governance.
6. Conclusion
In this paper, we proposed emotion-weather maps. The maps help grasp the distribution of the complex emotions
of a large group of people. We designed emotion-weather maps based on the experience of the development of a
prototype, and developed a system for the maps. We also showed emotion-weather maps on a real day, and the maps
described the emotions related to an earthquake that occurred on said day. Development of the prototype made us
aware of the existence of biases in the data related to emotions. There is variability in the number of tweets among
geographical and time segments, and among emotion categories. If we focus on very active segments, we can overlook
emotions in many other segments. We proposed data normalization to expose relatively few emotions.
We focused on processing data that express emotions, and presenting the data. Before processing such data, we
needed to collect data that expressed the emotions of a large group of people. To extract data from social media, we
used a simple NLP technique. By replacing it with a higher performance technique, we can expect to obtain more
informative maps.
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(a) From 12:00 to 13:00
(b) From 13:00 to 14:00
Fig. 9. Examples of emotion-weather maps (August 4, 2013)
